In situ measurements of petrophysical properties of the upper crust from wire-line logs provide a direct means of assessing fluctuations in these properties with depth, and thus allow for the statistical characterization of crustal heterogeneity. Wire-line logs from a cluster of nine boreholes (1000-1500 m deep) have been analysed using four different techniques: autocorrelation, semi-variogram, rescaled range and power spectra. Six of the boreholes are vertical, the remainder inclined. All penetrate clastic and pyroclastic rock. The analysis techniques have been tested on synthetic data, for which we have precise control on the scaling, in order to assess their robustness. The results, for the borehole data, show broad-band fractal scaling with a fractal dimension of 1.62 to 1.97 (autocorrelation), 1.59 to 1.79 (rescaled range) and 1.61 to 2.0 (power spectra). The use of different techniques to estimate the fractal dimension provides an excellent constraint on the results. Furthermore, it allows us to determine which model for crustal heterogeneity best describes the data: a 'band-limited' von Kármán function or 'unbounded' fractal scaling. In order to test the possible anisotropy in the scaling parameters, the horizontal scaling properties for this area have been calculated by correlation-spectra analysis of neighbouring wells. This suggests that upper-crustal correlation lengths are of the order of kilometres and anisotropic, being over four times greater in the horizontal direction. The origins of the observed power-law scaling are complex. Analysis of long-term correlations between logs and televiewer data points towards the influence of fracture porosity within the pyroclastics. But a fractal distribution of pore spaces within the clastics also controls the log fluctuations. Separating the logs into clastic and pyroclastic subsets reveals slight differences in fractal scaling, as determined by autocorrelation and semi-variogram. These differences are attributed to the dominance of either primary or fracture porosity within each geological unit.
boreholes (1000-1500 m deep) have been drilled within a 1 km2
Faulting in the area may be divided into two main groups. The first are large, northwest striking and moderately dipping zone (Fig. 1) . The area is a tectonically stable intraplate region. However, details relating to location, etc., are confidento the northeast. The second are smaller and strike oblique to the first set, cross-cutting them. The faults are associated with tial. Six of the boreholes are vertical ( boreholes 1, 2, 3, 7, 8 and 9 ) and the remainer inclined (boreholes 4, 5 and 6). The syndepositional growth during deposition of the clastic rocks, as well as some later faulting, thought to be Jurassicinclined boreholes are drilled at an angle of #60°to the horizontal at depths of 300 m ( below rotary table) to a final Cretaceous in age. Fig. 2 (a) shows the P-wave sonic log (dtco) from borehole 3. The three major geological units are easily depth of 1000-1100 m (below rotary table). The asterisk symbols in Fig. 1 mark the x-y coordinates of the bottom of the identifiable (note the increase in background velocity). The histogram of the velocities, Fig. 2( b) , shows a trimodal distriinclined boreholes, and the dotted lines delineate their trajectory.
bution due to the geology, as does the plot of bulk versus shear modulus, Fig. 2(c) . A full suite of petrophysical and production logs exists for each of these (nine) boreholes. The data analysis concentrates Our goal in this paper is to quantify heterogeneity wavenumber spectra using the data described above. One of the on the P-wave (dtco) and S-wave (dtsm) sonic tools and the deep laterolog (lld) and shallow laterolog ( lls) resistivity tools.
difficulties of assessing the robustness of an analysis technique when applied to real data is that we do not know the underlying The sonic tool measures acoustic wave velocity at a 15 cm spacing and is generally regarded as a measure of porosity in statistics a priori. To circumvent this we begin by applying these analysis techniques to synthetic data, for which we have hydrocarbon exploration. The laterologs measure electrical resistivity close to (lls) and away from ( lld) the hole at the control on the scaling parameters. Having assessed the performance of the techniques, we then apply them to the borehole same sample spacing. The resistivity logs are generally used to identify the pore fluid type and to measure the water saturation.
log data. These analysis techniques have been further tested on well logs from three deep scientific boreholes. Two of these Other logs included in the analysis are the neutron porosity (nphi), a specialist porosity tool (pigt) and the bulk density deep scientific boreholes are from the German Deep Drilling Project (KTB), in Bavaria, and the third is the Cajon Pass tool (rhob). The neutron porosity tool measures the formation porosity and the pigt gives the total intergranular porosity scientific borehole, Southern California. The application of these techniques to the KTB and Cajon Pass data is described excluding vugs and fractures. See Serra (1984) for details on the uses of borehole tools.
by Dolan & Bean (1997) .
In dealing with the question of quantifying heterogeneity we The boreholes intersect three major geological units. These are present in all nine of the boreholes, but do show some will, initially, not concern ourselves as to why these models (i.e. 'broad-band' or 'band-limited' power-law scaling) might variation between the holes. A fluvial, fine-to medium-grained Permo-Triassic sandstone is the highest in the stratigraphy.
serve as a useful description for this heterogeneity. Once we have determined which model produces the most consistent The sandstone passes down into a poorly sorted, matrixsupported breccia. This unconformably overlies Lower and accurate results, on the basis of numerous trials using different analysis techniques (Sections 2-7), we will consider Palaeozoic volcanic rocks: a series of tuffs, lapilli tuffs and pyroclastic breccias; some andesite sills also occur. The base in more detail what this may impart about the nature of rock heterogeneity (Section 8). of the volcanics has not been penetrated in any of the boreholes. correlation function is given by (Wu 1982) 
AUTOCORRELATION FUNC TION
2.1 Theory and its cosine transform (i.e. power spectrum of the medium) The autocorrelation function is a special case of the crossis correlation function and is a measure of the degree of similarity between a time series and a shifted copy of itself as a function of that shift (Hatton, Worthington & Makin 1986 ). For a time
series n i with N samples the discrete autocorrelation function where r=√(x2/a2) for lag x and correlation length a, k is the c x (n) is given by wavenumber, C(H ) is a gamma function, K H (r) is a modified Bessel function of order H and H is the Hurst exponent (Hurst, c Black & Simaika 1965) . The fractal dimension D can be related to H via the Euclidean dimension E by (Turcotte 1992) where x=0,1,…,N−1 is known as the lag. Eq. (1) is referred to as the biased estimate of c x (n), the variance of which is D=(E+1)−H . ( 5 ) given by Marple (1987) as At wavelengths smaller than the correlation length the power spectra falls off with slope −b, where (Turcotte 1992) var{c
The autocorrelation function is often normalized such that
The autocorrelation of the von Kármán function (eq. 3) its value at zero lag (x=0) is 1. The cosine transform of the depends on both the fractal dimension and the correlation autocorrelation function is the power spectral density function.
length. Increasing the fractal dimension or decreasing the This important property allows us to use autocorrelation as a correlation length increases the rate of decay of the autocorrelmeasure of the degree of randomness of a function. A periodic ation. A number of special cases of eqs (3) and (4) can be function has a periodic autocorrelation function with the same identified depending on the value of H (or D). First, when period, while white noise has zero correlation at all lags except H=0, eq. (3) reduces to zero lag.
with a cosine transform 2.2 Von Ká rmá n, exponential and Gaussian autocorrelation functions
A simple way to model a 'band-limited fractal' is with the von Kármán function. The one-dimensional von Kármán This is known as 'flicker' noise (Frankel & Clayton 1986; Bean & McCloskey, 1995) . Leary (1995) has difference between the analytical function (Gaussian, von Kármán, flicker noise or exponential) and the autocovariance discussed the case of flicker noise for an effectively infinite correlation length.
(i.e. the zero-mean autocorrelation sequence) of the data is returned. This procedure has been tested on synthetic data, Second, the case of H=0.33 is refered to as Kolmogorov turbulence (Wu 1982 (Wu , 1986 Wu & Aki 1985) . However, this for which we have control on the scaling parameters. The results show the inversion scheme can find the correct fractal does not lead to a special form of eqs (3) and (4).
Lastly, for H=0.5 the von Kármán function reduces to an dimension (error±0.1) and correlation length (within±3 m), provided the data length is at least 10 times the correlation exponential function (Goff & Jordan 1988; , length (Dolan & Bean 1997) . A number of authors (e.g. ) C(r)=e−r ,
have argued that borehole logs are made up of two compowith power spectrum nents: a deterministic part and a stochastic part. Intuitively this seems quite attractive. In general, velocity increases with depth. Therefore we may equate our deterministic part with
the velocity-depth function from our 'large-scale' surface seismics or, for example, by simply removing a linear trend from Frankel & Clayton (1986) , and our borehole sonic log. The remaining 'small-scale' fluctuations Bean & McCloskey (1995) have discussed the use of the may then be matched by the von Kármán function. This idea Gaussian function to model upper-crustal heterogeneity, but has been tested on the 764 m long volcanic section of the P its applicability to real data remains unproven. The Gaussian sonic from borehole 9. Fig. 4(a) shows the autocovariance function is included here for completeness.
decay of the P-sonic volcanic section from borehole 9 after the The 1-D Gaussian correlation function is given by removal of the linear trend (solid line). The linear trend is C(r)=e−r2 (11) determined by a least-squares 'best fit' to the data. This autocovariance decay may be matched by a von Kármán and its power spectrum is function with D=1.65 and a=18 m (dotted line) using the P(k)=√pa e−k2a2/4 .
(12) optimization algorthm. The dashed line shows the autocovariance of the top 382 m of the same volcanics. This may be As stated previously, the correlation length of a von Kármán matched by a von Kármán function with D=1.66 and a= function defines the upper cut-off of fractal behaviour.
11.4 m (dotted line). As we decrease the data length the fractal Heterogeneities larger than the correlation length do exist, but dimension stays constant, but the correlation length decreases. they are not fractal. For a Gaussian medium the term 'cor- and Dolan & Bean (1997) have observed relation length' takes on a new meaning. Here it repressimilar effects in the autocorrelation of well logs from deep ents a characteristic length. Fractal media do not have a scientific boreholes. Therefore the autocorrelation depends on characteristic scale. the amount of data available, i.e. if the borehole were deeper Synthetic von Kármán, flicker noise, exponential and then the correlation length would be different again, unless, Gaussian data sequences (i.e. synthetic well logs) can be of course, we are certain that the data length is at least ten generated by filtering a normally distributed white random times the true correlation length of the underlying geology. number sequence by the square root of the power spectrum of Fig. 4( b) shows the autocovariance decay for the available the von Kármán, flicker noise, exponential or Gaussian process, volcanic section (764 m) and the top 382 m after the removal in the wavenumber domain. Fig. 3(a) shows an example of a of a second-order polynomial background trend. Visually, the synthetic von Kármán 'log' (D=1.3, a=20) and its power difference between the two decays has decreased. The entire spectrum (Fig. 3b) , while Fig. 3(c) shows a k−b 'log' (D=1.3) volcanic section can be fitted with a von Kármán function and its power spectrum (Fig. 3d) . The synthetic fractal with D=1.62 and a=8.3 m (solid line), and D=1.62 and a= sequences are generated by the Mandelbrot-Weierstrass 6.7 m (dotted line) for the upper 382 m. The fractal dimension method [see Hastings & Sugihara (1993), Chapter 5] .
remains constant, as before, while the correlation length While the other techniques described below (rescaled range decreases as the data length decreases. Increasing the order of and power spectra) concentrate on the 'large-scale' structure the polynomial increases the number of wavelengths included (i.e. we will attempt to explain the entire length of the logs), in the background trend. These longer wavelengths have been our application of the correlation analysis will concentrate on significantly attenuated by the removal of the background the 'small-scale' structures present in the boreholes (Gritto introducing an apparent shortening of the correlation length. Kneib 1995) . As we shall see, defining where the Taking higher orders of polynomial would lead to an apparent 'large scale' stops and the 'small scale' starts is subjective and convergence of the results for both the data segments: 382 m leads to biased results. First, we will discuss the inversion and 764 m. Therefore, inverting the data in this manner, to procedure.
account for the deterministic and stochastic parts, yields results which depend on how we define the deterministic part and the 2.3 Application of von Ká rmá n function to the inversion amount of data available.
of petrophysical logs
It may be more instructive to think of the 'large-scale' and 'small-scale' velocity fluctuations as end-members in a conOur purpose is to find the values of correlation length and fractal dimension for the analytical function (e.g. eq. 3) which tinuum of velocity fluctuations at all scales, particularly in a medium where discrete, distinct geological units cannot be best describe the autocorrelation decay of the data. Using an optimization algorithm, the values of correlation length identified on the wire-line logs. The wire-line logs may be considered fractal sequences, the power spectra of which scale and fractal dimension which produce the minimum absolute Gaussian noise describe the data, the autocorrelation technique described above is not appropriate and a new autocorrelation procedure Schepers, van Beek & Bassingthwaighte (1992) describe a method for inverting the autocorrelation of a fractal sequence is needed. for an unknown Hurst exponent H. This procedure is based sandstone interval (80-455 m depth) from borehole 4 is shown in Fig. 5(b) . on the work of Mandelbrot & van Ness (1968) and has been used by others since. For example, Burrough (1983a,b) used it Fig. 6 shows the results for the inversion of the available sonic (P and S), resistivity (deep and shallow laterologs) and a for soil characterization and Lundahl et al. (1986) for image processing. The fractal sequence, such as that in Fig. 3 (c), is number of bulk density logs from each of the boreholes. The data has been further subdivided into sandstone and volcanic an example of a fractional Brownian noise, motion or walk. The successive differences between points of a fractional motion sections. There is the suggestion of lower Hurst exponents in the sandstones (mean=0.2 with standard deviation 0.08, while is called a fractional Gaussian noise (Hewett 1986 ). White noise is the uncorrelated form of fractional Gaussian noise, the volcanics have a mean Hurst exponent of 0.3 with standard deviation 0.06). However, this is difficult to prove conclusively, H=0.5. Here we invert the autocorrelation of fractional Gaussian noise. The formula which relates the autocorrelation given the limitations in the technique for low H as shown in Table 1 . The histogram in Fig. 6 (c) is a compilation of all to the Hurst exponent is (Hewett 1986; Schepers et al. 1992) Hurst exponents determined for all the data, i.e. Figs 6(a) and ( b) together, with mean Hurst exponent 0.25 and standard c x = s2 2 {|x−1|2H−2|x|2H+|x+1|2H} , (13) deviation 0.03. The results of the autocorrelation inversion procedure are listed in Table 2 [columns H1 (sandstones) and where c x is the value of the autocorrelation for the xth lag, s H2 (volcanics)]. is the variance, set equal to one (s scales the autocorrelation), and H is the Hurst exponent. Eq. (13) is fitted to the autocorrelation of the data (now converted to a noise sequence), 3 THE SEMI-VARIOGRAM using the optimization algorithm described previously, over
The semi-variogram is a measure of one-half the mean square values of c x for x=1 to 10 (the value at x=0 is always 1 for error produced by assigning the value of n i+x to the value n i the normalized autocorrelation). Fig. 5 (a) shows the theoretical (Olea 1994) . Given a sample of observations n i , the autocorrelation decay (eq. 13) of fractional Gaussian noise for semi-variogram is given by H=0.1, 0.3, 0.5, 0.7 and 0.9. For high values of H (>0.5), the autocorrelations are positive and decay slowly; this is known c*(
(14) as long-term persistence. For H<0.5, the autocorrelations are negative; this is termed anti-persistence. Table 1 lists some example fits from the optimization routine for five realizations
The asterisk denotes that this is the experimental semivariogram and N(x) is the number of pairs of points, n i , of the fractal sequence for each value of H. We see that this method is less accurate for H<0.5. Tests of the technique on separated by a lag x. The semi-variogram is one of the most popular tools in geostatistics and is described in detail by von Kármán sequences show that this procedure is sensitive only to the Hurst exponent and not the correlation length, except Clarke (1979) and Olea (1994); Hewett (1986) and Kelkar & Shibli (1994) have applied the semi-variogram to well logs. The when the data length is much greater than the correlation length. The autocorrelation of the S-wave sonic log over the semi-variogram is very closely related to the autocovariance. In the following sections all of the borehole logs will be processed in their entirety; they will not be subdivided the degree of 'dissimilarity'. Generally, the semi-variogram increases in dissimilarity over a relatively short range of lag between sandstones and volcanics. This is purely due to the need for sufficient data in order to obtain a robust result. before reaching a constant value. This constant value is known as the sill, and, as can be seen from Fig. 7(a) , corresponds to the variance [shown by a dotted line at c*(x)=1]. The lag at which the sill is reached is known as the 'range' or 'range of 4 RESCALED RANGE (R/ S ) ANALYSIS influence'. Referring to Fig. 7(a) , we find that the range does Hurst derived an empirical method for evaluating the longnot correspond to the correlation length of the exponential term behaviour of a time (spatial ) series, which quantifies any function, the lag at which the normalized autocovariance falls long-term correlations. The rescaled range takes into account to a value of 1/e (shown by a dotted line; for this example, a= correlations between sampled quantities to return a fractal 20 m but is slightly underestimated by this realization), but scaling exponent for the medium. Therefore, the results should rather the lag at which the autocovariance falls to zero [the be similar to those from the correlation function (Section 2) dotted line at c*(x)=0].
or the power spectral density function (Section 5). As borehole For a fractional Brownian noise the semi-variogram can be petrophysical logs are an example of a spatial sequence of data written as (Kelkar & Shibli, 1994) points, we will examine the applicability of Hurst's analysis to c*(
these logs through the analysis of synthetic functions and the borehole data. The method has been described and tested in where C H is a constant and H is the Hurst exponent as before. detail by Hurst et al. (1965 ), Feder (1988 , Schepers et al. In logarithmic space the slope of the semi-variogram is twice (1992), Bassingwaighte & Raymond (1994) and Mandelbrot the Hurst exponent. Given the close association between & Wallis (1995), while Hewett (1986) , Leary (1991) , Muller, the autocovariance and semi-variogram, we examine the Bokn & McCauley (1992) , Pang & North (1996) and Dolan semi-variogram for sensitivity to the number of data points.
& Bean (1997) have already applied the technique to wire-line The shape of the semi-variogram, like the autocovariance, logs. The theoretical foundation of the rescaled range is given varies with the number of data points. However, transforming by most of these authors. to logarithmic space, the slope of the semi-variogram is constant (Fig. 7b) , yielding a stable estimate for H. Table 3 summarizes some results for the estimate of H from synthetic fractal, 4.1 Application of method to synthetic data von Kármán and exponential 'logs'. For the latter two functions we see that the semi-variogram is only sensitive to the presence In order to test the robustness of Hurst's technique we apply of a correlation length a when the data length is much greater the method to synthetic data with user-defined input paramthan a.
eters. The Hurst fluctuation range R(L ) is defined as the Analysis of the semi-variograms of the P-wave sonic logs difference between the maximum and minimum values of the from these boreholes lends weight to the suggestion that the cumulative sum (i.e. the point-by-point integral ) of a fractional sandstones may have a higher fractal dimension. Estimates of Gaussian noise sequence over an arbitary length interval L , the Hurst exponent from the P-wave velocities over the volnormalized by the interval standard deviation S(L ). Hurst canic interval are close to those from autocorrelation, with an found the following empirical relation between the dimension average of 0.21 (D=1.79). The results for the P-wave sonic ratio, the rescaled range R(L )/S(L ) and the data length interval, logs (volcanics) are: borehole 1, H=0.21; borehole 2, H=0.31; L : borehole 3, H=0.21; borehole 4, H=0.12; borehole 5, H=0.5; borehole 9, H=0.24. The semi-variogram of the P-wave sonic Table 4 . Histogram of Hurst exponents from the inversion of the autocorrelation of all available sonic (P and S), resistivity ( lld and lls) and bulk density logs for both the sandstone and the volcanics (compilation of the data presented in a and b). Mean 0.25 and standard deviation 0.03. The results are listed in Table 4 .
H is the Hurst exponent, defined in eq. (5). If power-law a is long, relative to the total data length. However, when the correlation length is relatively short the method underestimates behaviour is found to hold for eq. (16), then the Hurst exponent describes these fluctuations, which are fractal over the range the Hurst exponent for large H. For fractal sequences the rescaled range method is accurate only for intermediate values of length scales investigated (Leary 1991) . respect to the number of data points. Fig. 9 (a) shows an 5 POWER SPECTRA estimate of R/S for a synthetic fractal sequence.
The power spectral density function shows the amount of power carried at each spatial frequency (wavenumber).
Rescaled range analysis of petrophysical logs
Numerous studies have demonstrated fractal scaling from power spectra; examples from well logs include Hewett (1986) , The results of the R/S analysis for a selection of sonic, density, resistivity and porosity wire-line logs for each of the boreholes Todoeschuck, Jensen & Labonte (1990) , Bean & McCloskey (1993 , 1995 , , Leary (1995) , Kneib (1995) , are shown in Table 2 (column H3). Fig. 9(b) shows an example of one of the rescaled range analysis plots for the P-wave sonic , Shiomi, Sato & Ohtake (1997) and Dolan & Bean (1997) . The slope of the 'best fit' line to the power spectra from borehole 9. We applied this technique to 66 log measurements (sonic, density, porosity and resistivity) from the nine of the data in log-log space is related to the fractal dimension via eq. (6) (Turcotte 1992, Chapter 7). Gaussian and boreholes. The results are plotted as a histogram (Fig. 10 ), and have a mean H of 0.31 (standard deviation 0.04). There is exponential functions also produce characteristic power spectra, examples of which are shown by Bean & McCloskey good agreement between the resulting values of H, particularly for each type of log (velocity, porosity, resistivity and density).
(1995, Fig. 5 ). As the correlation length increases, their power spectra become strongly attenuated at high frequencies, By comparison with Table 4 we may conclude that these well logs are fractal over the length scales investigated (0.15 m especially for Gaussian media. to 1000 m). The low values of H are consistent with antipersistence and suggest H≤0.4. An alternative explanation is 5.1 Power spectra of petrophysical logs that we are dealing with a von Kármán medium with H >0.5 and a relatively short correlation length. However, analysis of Fig. 11 shows the power spectral density function of the P-wave sonic log (dtco) from borehole 3 (Fig. 2a) in log-log space. the power spectra of the well logs (Section 5) and the inversion of their autocorrelation (Section 2) support the former The slope of the least squares 'best fit' line is −1.1, yielding a fractal dimension of 1.94, for logarithmic wavenumbers less explanation. Table 4 . A representative selection of results from the rescaled range −1 (Fig. 11) is an artefact of the data acquisition. This is analysis of synthetic functions with user-defined values of correlation because we are convolving the medium with the logging tool length a and fractal dimension d.* Average over five realizations.
(a box-car average), leaving a characteristic periodicity of a (sin Q)/Q function (i.e. the Fourier transform of a box) ( density and porosity logs. Lastly, analysis of the power spectral spectral slopes for the available (P-and S-wave) sonic logs. density function of P-and S-wave sonic logs yielded H in the There is quite good agreement between the different boreholes, range 0.0 to 0.39 (D = 1.61 to 2). All of these methods point all of which show lower estimates of H than those from to fractal scaling, over the depth scales investigated, in the rescaled range analysis.
anti-persistent regime (H<0.5, D>1.5) for fractional Brownian noise. Anti-persistency reduces spatial clustering, so that The break in slope at logarithmic wavenumbers greater than Table 4. the heterogeneity tends to fill space. This enhances the heterogeneity is anisotropic we will want to determine its scale anisotropy or aspect ratio, i.e. the horizontal scaling paramshort-wavelength spectral density of the heterogeneity.
eters. have derived a method for determining the upper-crustal heterogeneity aspect ratio, from the cross-7 SCALE ANISOTROPY correlation of petrophysical logs as a function of wavenumber and by comparing these results with those generated from In the preceding sections we attempted to characterize the vertical (down-hole) heterogeneity. However, if the medium's synthetic 2-D random medium models. In the following we Figure 11 . Power spectral density of the P-wave sonic log from borehole 3, in log-log space. The plot shows the least-squares 'best fit' line, slope =−1.12 (for logarithmic wavenumbers <−1). The vertical dashed line marks the limit of resolution for the 'best fit' line.
will describe the application of a slightly modified version of correlation spectra for these synthetic media were calculated for comparison with the observed borehole data. the method to our borehole data to determine if the medium is anisotropic with respect to fractal dimension
The procedure for generating 2-D band-limited fractal surfaces is adapted from Ikelle et al. (1993) . The input is a normal and correlation length.
distribution of random numbers. The 2-D anisotropic von Kármán function is given by eq. (3) of Holliger & Levander 7.1 Estimation of the horizontal scaling parameters (1992), The procedure for the estimation of the cross-correlation spectra is described in detail by ; we will only
give a brief outline of the method here.
and its 2-D power spectrum is (1) The P-wave sonic logs (dtco) from two adjacent (vertical ) boreholes, over the same depth interval, are filtered with a
second-order Butterworth bandpass zero phase filter. The bandpass is two-thirds of the central wavenumber.
where r=√(x2/a2
, a x and a z are the (2) The filtered logs are then cross-correlated, and we record horizontal and vertical correlation lengths, k x and k z are the the cross-correlation coefficient R(k), given by horizontal and vertical wavenumbers, H is the Hurst exponent and K H is the modified Bessel function of order H. In order
to construct the 2-D von Kármán medium, we randomize the phase of the von Kármán correlation function in the where f (z; k) and g(z; k) are the bandpass filtered sonic logs, wavenumber domain. from neighbouring boreholes, at a central wavenumber k.
It is worth noting that use a different form (3) This is repeated for a range of wavenumbers.
of the von Kármán function. They assume that both the Hurst exponent and the correlation lengths are anisotropic. Fig. 12 shows (dashed lines) the cross-correlation spectra for boreholes 9 and 3, boreholes 9 and 1 and boreholes 9 and 2.
The cross-correlation spectra for the synthetic data are calculated over the same depth interval as our boreholes. For At short wavelengths the cross-correlation is close to zero, i.e. the high-wavenumber heterogeneities fluctuate independently.
each set of input parameters a x , a z and H, three realizations of the random medium were generated with different random As the wavelength increases, the correlation starts to increase. The rate of increase of the correlation depends on the aspect number seeds, and all pairs of synthetic logs, with zero mean and unit standard deviation, (with a separation equal to the ratio of the heterogeneities.
To estimate the horizontal scaling parameters from the borehole separation) were sampled from each realization. These were averaged in order to increase the stability of the crosscross-correlation spectrum, synthetic logs were generated from realizations of 2-D von Kármán random media. The correlation spectrum. After search by trial and error we Figure 12 . The cross-correlation spectra for boreholes 9 and 1, boreholes 9 and 2 and boreholes 9 and 3 (dashed lines with circles). The solid line is the average of the dashed lines.
obtained the best-fit model which could account for the While we are not able to measure definitive values of correlation length, we can draw two important conclusions observed cross-correlation spectrum. from this exercise. First, crustal correlation lengths are of the The cross-correlation spectra for boreholes 9 and 3, boreorder of kilometres. Second, they are anistropic, appearing to holes 9 and 1 and boreholes 9 and 2 are shown in Fig. 12 be at least four time greater in the horizontal direction, for the (dashed lines). Borehole 9 is 400 m west of borehole 3, 409 m available data. As mentioned previously, west of borehole 1, and 434 m west of borehole 2 (see Fig. 1 ).
examined the case of different vertical and horizontal fractal The solid line represents their averaged cross-correlation dimensions. However, it does seem likely that, in our case, the spectra.
fractal dimension is isotropic as in the previous sections Keeping H=0.2 (i.e. the value of H determined for P-wave (autocorrelation, semi-variogram, rescaled range and power sonic logs from their power spectra, see Table 2 , column H4), spectra) the 'down-hole' fractal dimensions determined from we have investigated the effect of varying both a x and a z . The the inclined boreholes ( boreholes 4, 5 and 6) are consistent results of this investigation are non-unique as we have no with those from the vertical boreholes. independent control over either the horizontal or the vertical correlation length, except that the latter should be no less than 1000 m (the average borehole depth) as we have observed 8 DISCUSSION power-law scaling of both rescaled range and power spectra at length scales up to 1000 m. The cross-correlation spectra 8.1 Comment on the estimation of fractal dimension and from a number of the random media with horizontal correcorrelation length lation lengths of 4000 m (4500 m), 6000 m and 9000 m, with vertical correlation lengths of 1000 m (Fig. 13a) and 2000 m Petrophysical measurements from a cluster of nine boreholes (Fig. 13b) are plotted, together with the averaged crosspoint to the statistical nature of the upper (1 km) continental correlation spectra from the three borehole pairs. A number crust in this area. Results from autocorrelation, semiof different models have been tested (not shown) with different variogram, rescaled range analysis and power spectra suggest combinations of correlation lengths. Given the scatter in the that the medium's heterogeneity can best be described by a cross-correlation spectra of the borehole pairs (Fig. 12) and fractal model with a Hurst exponent of #0.2. Our analysis the lack of independent control on the model parameters, further suggests that the Hurst exponent is equal in all direcfinding an 'exact' fit between model and data is difficult. The tions; the values of D from the inclined boreholes were similar cross-correlation spectra of the three borehole pairs are plotted to those from the vertical boreholes. again in Fig. 14 , together with those from two models: a z = There is quite good agreement between the different esti-1000 m, a x =4500 m and a z =2000 m, a x =9000 m. (Note that mates of D over the entire depth interval; for the rescaled H=0.2 and the ratio a x /a z =4.5 in both.) These models, while range, D average =1.68, and for the power spectra, D average =1.77. not mirroring the real data exactly, do display similar characFrom tests on synthetic logs we find that rescaled range teristics, i.e. zero correlation for wavelengths up to 100 m, analysis is less accurate for H≤0.4, tending to overestimate H. The rescaled range analysis is also sensitive to the number of where the correlation starts to increase. The cross-correlation spectra for boreholes 9 and 1, boreholes 9 and 2 and boreholes 9 and 3 (dashed lines with circles) and the cross-correlation spectra for H=0.2, a z =1000 m, a x =4500 m (dash-dot line) and H=0.2, a z =2000 m, a x =9000 m (solid line).
data points (Schepers et al. 1992 ; Bassingwaighte & Raymond While our interpretation of the data is based on the k−b model, the concept of separating the data into a background 1994; Pang & North 1996) , the presence of strong cycles in the data (Mandelbrot & Wallis 1995) and the correlation ('deterministic') trend and 'small-scale' stochastic part merits further comment. The effect of the 'large-scale' velocity on the length (Dolan & Bean 1997 ). In our case, for such low values of H, the slope of the least-squares best-fit line to the power sonic log is evident in Fig. 2 . However, as we found from Fig. 4 , the results depend on how we define this background spectra in log-log space produces a better estimate of D than the rescaled range, semi-variogram or autocorrelation.
trend, and produce correlation lengths which have no physical significance. This has been investigated by Dolan & Bean each type of tool is relatively small and is comparable to the difference in D from each technique for any given tool, in a (1997) for data from the Cajon Pass and KTB boreholes. The background velocity trend depends on the frequency bandgiven borehole. The velocity depends on both the density and the porosity; this might explain the resemblance in their fractal width of the seismic signal considered. Sufficiently narrowband seismic data may allow for a credible correlation length, dimensions. The resistivity of the medium also depends on the but these are not necessary for broad-band upper-crustal porosity: resistivity is inversely proportional to porosity heterogeneity (Leary 1995) . For the k−b model the 'large' and (Serra 1984) . 'small' scales are just parts of a continuum of heterogeneities Furthermore, the values of D determined from this study at all scales. It is important to remember that the correlation are in agreement with those reported elsewhere (Walden & length is an important physical parameter which may influence Hosken 1985 Hosken , 1986 Leary 1995; Kneib 1995 ; the physical behaviour of the medium. For example it may Shiomi et al. 1997) . Some of these authors have correspond to the thickness of a seismogenic layer or distinct argued that fractures intersecting the borehole are responsible geological unit ( Volant & Grasso 1994) . Hence care needs to for this narrow range of D observed in different geologies and be exercised not to introduce spurious correlation lengths tectonic environments. Numerous reports of shear wave splitthrough arbitrary selection of background velocity trends.
ting in the brittle crust are testimony to the widespread If the fractal scaling observed in these logs had been bandoccurrence of stress-aligned cracks, microcracks and preferenlimited, then the effect of the correlation length should have tially oriented pore spaces (Crampin & Lovell 1991) . Crampin been apparent in all of the analysis techniques. For the (1994) has introduced the concept of 'fracture criticality' to autocorrelation we should be able to fit the correct von explain the narrow range of S-wave anisotropy reported from Kármán function to the data and this autocorrelation decay many localities. Under this hypothesis, the upper crust is function would fit regardless of how many data were available, everywhere in a state of 'fracture criticality', with a uniform once the data length was much greater than the correlation distribution of microcracks producing anisotropy of~4.5 per length. For rescaled range analysis, when the data interval L cent marking the boundary between essentially intact and over which we calculate R/S is greater than the correlation heavily fractured rock. The effects of discontinuities on the in length, then log 10 (R/S) tends to become constant (Dolan & situ rock properties, for borehole 5, are shown in Fig. 15 . HighBean 1997). Lastly, the power spectra of a von Kármán quality borehole televiewer data (BHTV) reveal the presence function is flat at wavelengths less than the correlation length.
of natural discontinuities (i.e. fractures, joints, veins and faults), None of these effects was observed in our data.
with apertures greater than #10 mm, which are plotted The synthetic 2-D models used for Fig. 13 do not include together with the P-wave sonic, gamma, deep laterolog and any velocity increase with depth. The 2-D models have been geological logs (Fig. 15, left to right) . The existence of a further refined by the addition of a velocity-depth function, discontinuity will usually enhance the porosity, leading to a but this has only a slight effect on the cross-correlation spectra corresponding decrease in seismic velocity and resistivity. and does not significantly alter the result (a number of different velocity-depth functions were tested, on the basis of smoothing the sonic logs). The closest match to the cross-correlation 8.2.1 T he eVect of cracks and fractures on wire-line logs spectra of the borehole pairs (Fig. 14) is achieved when the In order to assess the effect of fractures on the wire-line logs vertical correlation length is at least 1 km, with an aspect ratio in the Cajon Pass borehole, Leary (1991) studied the long-(a x /a z ) of 4.5. These resultant correlation lengths are very much term correlations between the logs. These revealed systematic greater than both the borehole depth and the separation. changes in the log fluctuation statistics, which were interpreted These values of correlation length are of the same order of as being related to the presence of fractures. The cumulative magnitude as many reported from non-borehole studies.
sum of the normalized logs (i.e. a partial sum or point-byNumerical models of seismic wave propagation suggest correpoint integral of the logs corrected to zero mean and unit lation lengths of >200 m to <50 km in order to match real standard deviation) reflects any long-wavelength correlation data (Frankel & Clayton 1986; Bean & McCloskey 1995) .
or 'memory' in the system. For Cajon Pass [ Fig. 6 of Leary Coda wave studies of short-period (1-25 Hz) seismic waves (1991)], the cumulative sums of the P-wave sonic logs and yield values of a in the range 1 to 10 km (Wu & Aki 1985;  deep laterologs are sensitive to the presence of faults as they Herraiz & Espinosa 1987) . Analysis of vertical and horizontal change in unison, while the gamma log trend is insensitive to correlation lengths from geological maps of metamorphic rock fractures, following changes in lithology. Cumulative sum plots return lower values of a z in the range 50-200 m, and a x in the for these tools ( borehole 5) though the volcanics (Fig. 16a ) range 200-800 m show that the P-wave sonic and resistivity logs track each 1994a,b; . , using other almost exactly, with only slight changes in their trend at the correlation spectra method (section 7), have derived a geological boundaries. The positions of these boundaries are horizontal correlation length of 3.6 km for the KTB site.
based on the reported geological interpretation of the recovered core. Below 650 m the gamma log follows a different trend, 8.2 Origins of borehole heterogeneity power-law scaling tracking the subtle changes in the geology (mainly textural changes based on the grain size, composition and welding From Table 2 , there is good agreement between the resulting intensity). In the upper part of the volcanics the partial sum values of D(H ) within each analysis technique, and between of the gamma activity is closer to the other logs, picking out each analysis technique, for each type of log (velocity, porosity, clay infilling the fractures (clay-infilled fractures and fault resistivity and density). It is perhaps not surprising that the Pgouge at this depth interval are described from recovered core and S-wave sonic logs are quite similar, as are the two porosity logs and the two resistivity logs. The difference in D between material). (Section 3). The autocorrelation procedure consistently 8.2.2 T he role of primary porosity in controlling wire-line log returned a higher average value of fractal dimension for the fluctuations sandstones, D average =1.8 compared to 1.7 for the volcanics, although both are quite close, given the difficulty this technique There are only 161 natural discontinuities in the clastic interval (i.e. less than 540 m depth, see Fig. 15 ). The televiewer has not has in the accurate estimation of H in the anti-persistent regime (see Figs 6a and b and Table 2 , columns H1 and H2). been run over the entire sandstone section, but no fractures have been identified from recovered core at depths <400 m.
However, the semi-variogram does provide more compelling evidence for higher fractal dimension in the sandstones, which Fluctuations in porosity in the volcanics result from the presence of cracks/fractures, but in the sandstones they are may be modelled as flicker noise (i.e. D 2), while D average =1.8 in the volcanics (see Figs 8a and c) . derived mainly from variations in primary porosity. Fractal models for the spatial distribution of pore spaces are widely Therefore, fractal dimension does vary with lithology, but the difference is very slight and not detectable by rescaled employed in numerical models of fluid flow, supported by observations. Krohn (1988) has determined the fractal dimenrange or power spectra for the available data. The fractal dimensions are different because the controlling mechanisms sion of such pore space distributions in sedimentary rock, reporting values of Hurst exponents for sandstones similar to are different: primary porosity in the clastics and fracture porosity in the volcanics. Both produce anti-persistence, those from the porosity tools [e.g. H=0.15 for the Berea sandstone (Table 1 of Krohn's paper)]. The cumulative sum but careful analysis using autocorrelation and semi-variogram together with the cumulative sum plots (Fig. 16) can plots of the sonic and gamma logs and the laterolog calculated over the clastic interval (Fig. 16b ) differ in many respects from discriminate between them. those for the volcanics. The P-wave velocity and laterolog no longer track each other. All three logs respond to the changes 9 CONCLUSIONS in lithology, such as the change from cross-bedded sand to cross-bedded sand with occasional mudstone at 175 m, and From our analysis of the borehole data we may place the the presence of interbedded muds at the base of the sand following constraints on our stochastic model of the top 1 km (390-436 m) and the breccia (436-539 m).
of the crust in this region. Estimates of fractal dimension using rescaled range (Section 4) and power spectra (Section 5) did not distinguish between the (1) Petrophysical measurements in these boreholes follow a trimodal distribution related to the major geological units. two main lithological units, because they are too thin relative to the borehole depth to provide enough data for these (2) The medium may be characterized by a fractal k−b model with a fractal dimension of 1.75 (autocorrelation) techniques. However, it is possible to make separate calculations over the clastic and pyroclastic intervals using the (H=0.25, b=1.5), 1.69 (rescaled range) (H=0.31, b=1.62) and 1.83 (power spectra) (H=0.17, b=1.34). autocorrelation method (Section 2.4) and semi-variogram Figure 16 . (a) Cumulative sum of the normalized (i.e. zero mean and unit standard deviation) P-wave sonic log (solid line), gamma log (dash-dot line) and deep laterolog (dashed line) over the volcanics. The vertical dotted lines mark the geological boundaries between different volcanic formations/members independently interpreted from the core. ( b) As for (a), except that the sum was calculated over the clastic (i.e. sandstone and breccia) interval.
(3) Detailed analysis of the different lithological units sugseismic velocity suggests that fractures (imaged by BHTV) control the log fluctuations in the volcanics. However, over gests that the fractal dimension is higher in the sandstone interval: 2.0 (semi-variogram) (H=0, b=1); 1.8 (autothe clastic interval, a fractal distribution of pore spaces seems the likely cause of the observed power-law scaling. This correlation) (H=0.2, b=1.4). The volcanics have a fractal dimension of 1.79 (semi-variogram) (H=0.21, b=1.42) and 1.7 difference in controlling mechanism produces the slight variation in fractal dimension (point 3 above). (autocorrelation) (H=0.3, b=1.6).
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